Abstract. In this study, we aim to analyse English as a Second Language (ESL) and English as a First Language (EFL) MOOC participants' engagements in a MOOC. We aim to find out key points which directly effect learners' dropout and performance in MOOCs. We worked on a FutureLearn data which is provided by the University of Southampton. The course is Understanding Language: Learning and Teaching MOOC that was run between 2016-04-04 and 2016-05-02 is chosen for the analysis. According to the results, it is very challenging to identify who is a second language English speaker by using their location information. One of the important findings is that first language English speakers wrote longer comments. In order to identify strategies for ESL MOOC participants, which is one of the ultimate goal of our research, there is a need for much deeper analyses.
Introduction
Online platforms which offer online courses with free registration to any learners who would like to participate, become one of the trend implementations in technology enhanced learning and are investigated from many different perspectives [3, 7, 10, 12] . These courses are adverted as Massive Open Online Course (MOOC) and many institutions from all around the world have attempted to build MOOC platforms.
Even though these courses attract millions of learners from numbers of different countries, the mainstream MOOC providers are based on English speaking countries such as the US and the UK 1 . According to the 2015 statistics that class-central published, 75% of the MOOCs have been offered in English. This rate was 80% in 2014. The website published different kind of review analysis for 2016. They identified that around 25% of the new MOOC learners were attracted by the local providers that offer MOOCs in languages other than English 2 .
Additionally, many researchers have identified that one of the reasons for the low completion rate, which is one of the main concerns in MOOCs, is their onesize-fits-all model [1, 5] . MOOC content does not change for individual students according to their needs such as language, difficulties, and learning approaches.
Some locally launched MOOC platforms provide courses in local languages for the targeted audience. For example, EMMA, a European MOOC platform, provides MOOCs in multiple European languages 3 . Japanese MOOC platform (JMOOC) stated on their website that since many Japanese are struggling with studying in English, they launched JMOOC to serve the Japanese speaking communities 4 . Nevertheless, ESL speakers continue to pay attention to MOOCs that are offered in English. In order to help these learners engage with the platform, some personalised services are provided. For example, Coursera asks their attendees to voluntarily contribute to translation of course content 5 . Herewith, learners may benefit from the course at a higher level.
However, to the best of our knowledge, there is not much studies available to investigate possible differences between engagements of first and second English language speakers in MOOCs. Therefore, our conducted research sought to address this problem. In this paper, we specifically focus on the identifying second language English speakers and their common engagement patterns. To follow up this study, we will research on i) predicting participants' future participation and certificate earn using identified engagement patterns ii) recommending specific identifiable strategies for the ESL speakers when working in a MOOC.
Related Works
Barak et al. [2] suggested that learners who have high motivation are likely to complete the course. Additionally, learners who study in their first language have higher confidence to finish the course and this increase their motivation level.
Eriksson et al. [4] put forward in their qualitative study investigating the reason of learners' dropouts that some learners had struggled with understanding the spoken language in the video and occasionally the instructors' accent. The MOOC participants also stated that subtitles in English were helpful.
There are numbers of studies that investigate how learners engage with MOOCs to identify and classify patterns of learner behaviours (i.e., [6, 8] ). Researchers use leverage on statistical and learning analytics methods and machine learning techniques to classify learners' based on their behaviours predominantly based on activity logs data and click-stream data in courses. For example, Milligan et al. [9] conducted interviews and classified learners based on their statements and course activities. Gillani et al. [6] use participants' statements reflected by their comments in discussion threads for classification.
Some researchers focus on different factors for identifying and predicting level of engagement and course completions, which is one of the common objectives in MOOC research. For example, Kizilcec et al. [8] mainly consider timely assessment submissions and identified learners' behaviour patterns as auditing, behind, on track, and out. Then, they group learners based on their level of engagement as auditing, completing, disengaging, and sampling However, to the best of our knowledge, there is not much many studies specifically emphasising on identifying ESL speakers and their engagement performance in MOOCs. Uchidiuno et al. [11] used browser language preferences of participants in a MOOC and analysed their video interactions. The authors found that using browser language preference is helpful to more accurately identify ESL speakers.
Our research also aims to contribute to the research in this area by identifying needs and behaviours of ESL participants in MOOCs. The finding of our research ultimately may help ESL speakers, and the instructors who may use MOOCs in foreign language as a material on their blended campus education.
Methodology
In order to identify second language English speakers, we first used the data about learners' location, which is generated from the pre-course survey on the platform. Then, we used participants' comments in the discussions to gather more information about their location and first language.
In this paper, we sought to do some investigation to find the best and most accurate method to group learners based on their first languages to analyse their behavior and predict their future performance. Further in the research, we will use machine learning techniques and natural language processing to automatically identify ESL speakers.
Datasets
We have used the forth run of the Understanding Language: Learning and Teaching MOOC (UL-MOOC) that was run between 2016-04-04 and 2016-05-02. We have chosen this course as a start since it has attracted many international English language teachers around the world. While dataset includes 25598 user records, only 3306 of them had location information.
Data files that we used in this study are as follows. -Enrolments: Includes demographic information of participants, enroll and unenroll time, and purchased statement certificate information.
Step is used for each learning unit in the course. Each week is consisted of numbers of steps. This dataset includes the visit and completion time information for each learner. -Comments: Includes comment priorities related to course structure, comment text, commenting learner and time.
Results of Analysis
In order to identify ESL and EFL speakers in the MOOC, we took three different approach.
1. Divided into two groups as ESL and EFL speakers by using only their location. 2. Divided into three as primary ESL, not primary ESL, and EFL speakers by using only their location. 3. Updated the groups based on participants' comments.
Implementation of the First Stage
In this step, ESL participants are identified based on the country information only. In order to group countries by the country's official languages, we have utilised a Wikipedia article as a reference 6 . According to the languages, the groups are as follows: i) English as a first language learners (EFL), ii) English as a second language learners (ESL), and iii) no country information presented in the database.
The results showed us that there is no statistically significant difference amongst the course performance of learners in each group. The reason could be the inefficient way of grouping learners by the countries' official languages. Therefore, we have conducted the second step for better categorisation.
Implementation of the Second Stage
In the first stage, India and the United Kingdom are in the same group. Even though English is very commonly used language in India, it is not the primary language. To have better understanding of the demographics of subgroups to identify their behaviours, we now divided the countries into: i) English as official and primary language and ii) English as official but not primary language, and iii) English as second language. Here, we have again used the same Wikipedia article.
According to the country information of learners, 18% of participants join from a country of which English is an official and primary language, 11% of them join from a country of which English is an official but not primary language, and lastly 71% of them are English as a second language learners. Fig. 1 shows that what percentage of participants in each group completed at least one learning step in the course. There is no big difference between onetime-show-up ratio amongst the participant in each group. In the figure, A indicates a completion of less than half of the steps, B indicates a completion of more than half of the steps but less than 80% of the steps, and C indicates a completion of more than 80% of the total numbers of steps. Learners in the group of English as a official and primary language outperform in completing more than 80% of the steps. Fig. 3 shows the percentage of learners in each group who contributed to the discussions with at least one comment. However, there is no big difference between groups in terms of presence in discussion forums. There is a need for a deeper investigation in forums. Therefore, we have checked the length of learners' comments in the discussion forums. 
Implementation of the Third Stage
In the previous section, the results showed us there is not much difference between groups, especially between the learners in the English as official but not primary and the ESL learners. The reason could still be the inefficient way of grouping learners.
Indeed, when we group the learners according to where they live (which is the country information in the dataset), we sometimes miss the learners who speak a different language than the official/primary language of the country that they live in. Therefore, in the third step, we attempted to investigate comments that were posted to discussion forums.
The course instructors asked the participants how they use language in their daily life in the Step 1.5 of the first week. In the associated discussion forum to Step 1.5, participants gave information about where they live, what their first language is, and how fluent they are in English.
We updated the groups according to the additional information we acquired from learners' comments in Step 1.5.
We made the same analysis for the new updated groups. If we see different distributions than what we had in the first two stages of the analysis, we could say that the results for each group is mostly similar is not because this is the situation but there is a need for more precise grouping method. Number of the users gave information about their first language and had country information were 694. According to the comments on Step 1.5, we realised that 68 of the records were grouped in a wrong cluster in the previous stage, which is nearly 10% of the 694 records. Although some of other learners also commented in Step 1.5 they had no information about their location in the database. We have updated the groups according to the information we have acquired from the discussion thread. This stage indicates that a deeper and systematic analysis in learners' comments can help us to improve our grouping model with the aid of machine learning. Fig. 5 shows distribution of step completion status for participants who commented in Step 1.5 and have country information. According to Fig. 5 , there is a huge increase in step completion rate. Fig. 6 shows distribution of the length of comments for learners who commented in Step 1.5 and have country information. The results indicates bigger difference than we have seen in the first two stages of the analysis. According to the new results, 80% of learners who commented in Step 1.5 and speak English as first language which is the primary and official language of the country they live in, wrote comments that are longer than 200 characters. In this study we sought to i) identify English as first and second language participants in a MOOC, and ii) investigate and interpret differences between their overall course engagement.
Firstly, we grouped learners based on their country information as "English as a Official and Primary Language", "English as a Official but Not Primary Language", and "English as a Second Language" group. Secondly, to have more accurate group separation, we investigated learners comment in the discussion forum of Step 1.5, where learners introduce themselves with country and language information. With this information, we have updated our groups.
However, the manual identification of ESL participants from their comments is time consuming and not reliable for implementing at massive numbers of learners in more than one MOOC. In the process of identifying ESL learners, the next step is to use a machine learning technique (a suitable technique has not determined yet) and natural language processing to accurately identify EFL and ESL participants in a MOOC. Additionally, we will take into account of fluency level of ESL learners in our future research.
We plan to do further data analysis to understand the characteristics of our data. In each group we will do outlier detection and will decide about how uniformly the groups behave. Then, we will run some correlation models to find out the highly correlated fields to determine a feature set and a prediction model. We will also analyse differences between social engagements of the learner groups. As a result of our studies, we aim to build a prediction model for the dropouts of the ESL learners.
We believe that our results can be a new perspective for MOOC personalisation. As we do not hold the source code for popular MOOC platforms, we cannot make direct changes to the platforms. However, these identification methods can be used by MOOC providers for identification of ESL students. An ESL student who uses any MOOC platform such as FutureLearn would be more engaged if they are given a more personalised experience.
